Determining maximum heating temperatures of burnt bones is a long-standing problem in forensic science and archaeology. In this pilot study, controlled experiments were used to heat 14 fleshed and defleshed pig vertebrae (wet bones) and archaeological human vertebrae (dry bones) to temperatures of 400, 600, 800, and 1000°C. Specular component included (SCI) color values were recorded from the bone surfaces with a Konica-Minolta cm-2600d spectrophotometer. These color values were regressed onto heating temperature, using both a traditional linear model and the k-nearest neighbor (k-NN) machine-learning algorithm. Mean absolute errors (MAE) were computed for 1000 rounds of temperature prediction. With the k-NN approach, the median MAE prediction errors were 41.6°C for the entire sample, and 20.9°C for the subsample of wet bones. These results indicate that spectrophotometric color measurements combined with machine learning methods can be a viable tool for estimating bone heating temperature.
Many of the heat-altered bone properties have been tried as predictors for maximum temperature exposure, with variable success (4, 7, 9, 10, 12) . So far, the best temperature estimates have been provided by the bone crystallinity index (CI), measured either with X-ray diffraction or with infrared spectroscopy (7-9, 12, 19-21) . Even though it is generally accepted that bone color changes systematically with the heating temperature, a large number of researchers have concluded that bone color measurements are not useful for accurate temperature estimations (3, 4, 7, 12, 22) . The main argument has been that the bone color after heat exposure is influenced by a multitude of factors, including the burning time (22) , the amount of oxygen and soft tissue present during heating (22) (23) (24) , chemical interactions with soil during or after the fire (2, 22, 25) , and the possible influence of coloring substances (contaminants) such as metals (10) .
The aim of this pilot study is to challenge the notion that bone color provides inferior information about heating temperature. A muffler furnace was used to heat fleshed and defleshed pig vertebrae, as well as dry human vertebrae recovered from an archaeological excavation, to temperatures of 400, 600, 800, and 1000°C. This temperature range represents a number of burning scenarios, such as 400-600°C for open camp fires, 600-900°C for fire pits or improvised ovens, no more than 700°C for prairie fires but 800°C or more for a forest fire front, 600-1100°C for cremation furnaces, and up to 1000°C in burning cars and houses (7, (26) (27) (28) (29) (30) . As previous work has suggested differences in thermal alteration between bones from bird, fish, and mammals (4), but little difference between bones from different mammal species (7), having both pig and human bones in the sample was considered non-problematic. The chemical integrity of the bones after heating was investigated using a portable X-ray fluorescence (pXRF) instrument, and their color values were recorded using a digital spectrophotometer. The usefulness of color data for temperature estimation was evaluated by regression analysis, employing a linear model as well as a machine learning algorithm.
Materials and Methods

Sample
Loin cuts from pigs (Sus scrofa domesticus) that included vertebrae together with ilium parts (Fig. 1A) were purchased at a local market in Tartu, Estonia. The pigs were young adults with unfused epiphyses. Vertebrae were cut out and prepared either fleshed (n = 4) or defleshed (n = 5)-these are the "wet" samples. Defleshing was carefully conducted with a scalpel, leaving only minute fragments of soft tissue attached to the bones. Vertebrae from adult humans (n = 5) were also investigated (Fig. 1C) , obtained as dry bones from commingled archaeological material excavated from the St Jakobi church cemetery in Tartu, Estonia. This cemetery, which dates to the mediaeval to early modern period, was rescue-excavated in 2014 as part of a construction project.
Heating Procedure
A KL-22 muffle furnace (Kerako, Estonia) equipped with a programmable controller was used to heat the bone samples to four different temperatures, i.e., 400, 600, 800, and 1000°C. The furnace was well ventilated during heating, thereby providing an oxidizing environment. The bone samples were placed in a bowl of stainless steel and then put in the furnace. It took between 10 and 45 min for the furnace to reach the desired temperature (longer time for higher temperatures; Table S1 ). The temperature was then kept stable for 60 min. Finally, it took between 4 and 8 h for the furnace to cool down with the sample inside. All samples were weighed and photographed before and after heating (Table S1 and Figs. S1-S13).
Color Analysis
Two approaches were used to characterize the colors of the heat-exposed bones. First, the bone colors were manually matched to Munsell soil color charts (Munsell Color Company Inc., USA). Second, color values were recorded with a portable Konica-Minolta cm-2600d spectrophotometer (Konica-Minolta, Osaka, Japan), equipped with a xenon pulse light as light source and operating with firmware version 1.23. Color data were recorded from 360 to 740 nm with an 8 mm opening window, a wavelength pitch of 10 nm, and a half bandwidth of approximately 10 nm. All measurements were conducted in a dark room where the only light source besides the instrument itself was a small fluorescent light located approximately 10 m away, directed away from the instrument. The spectrophotometer was zeroand white-calibrated immediately before the measurements, which were carried out with the following settings: 100% UV, standard D65 illuminant, di:8°, de:8°geometry, 10°observer angle, L*a*b* (CIE1976) color space, and reflectance as measurement type. No materials cover or other medium was placed between the 8 mm measuring window and the bone surface 
Statistical Analysis of Color Data
Temperature predictions based on the SCI/L*a*b* color measurements of the bones were computed for the entire sample as well as for sample subsets, using two different regression models: traditional linear regression and the non-parametric k-nearest neighbor (k-NN) algorithm. The k-NN method is one of the simplest machine learning algorithms, and was considered suitable given the somewhat small sample size. The limited sample size furthermore prompted us to use a k-fold cross-validation approach to estimate the model accuracies and optimize the regression parameters. In this approach, 1000 random partitions were created, each consisting of a training sample (80% of data) and a test sample (20% of data). For each of these 1,000 rounds, the mean absolute error (MAE) of prediction was calculated based on the temperature values predicted for the test sample. Rather than a single error value, error distributions were obtained for both the k-NN and the linear model predictions. As these distributions do not necessarily follow a Gaussian distribution, especially for the k-NN predictions, the medians of the errors are reported instead of their means. The final parameters for the wet and the combined samples consisted of a cosine kernel, a Minkovski distance of 1, and a neighborhood of 4. For the dry data, a triweight kernel was used, as it showed the best performance. As an additional statistical investigation, standard linear discriminant analysis (LDA) with leave-one-out cross-validation was used to separate heated wet bones from heated dry bones based on color data. All statistical analyses were performed using the R platform (31) , and more specifically the R packages caret (32), kknn (33), Morpho, Rvcg (34) , and rgl (35) .
Elemental Analysis
A Tracer III-SD portable X-ray fluorescence (pXRF) unit (Bruker Ltd., USA) operating at 40 kV and 10.7 lA with a 305 lm Al + 25 lm Ti filter was used to investigate the elemental composition of the surfaces of some of the bone samples after heating, in order to detect possible contamination from the metal bowl used during the heating procedure. Under the settings employed, the pXRF instrument detects the elements Ca to Sb (K lines) and W to Bi (L lines).
Results
Heat Treatment
Photos of all the samples, before and after heat treatment, are shown in Figs. S1-S13. Photos of four select bone samples are shown in Fig. 1 . Heat treatment of the wet pig bones clearly changed their colors, with similar results obtained for the fleshed and defleshed samples. The first round of heating was done with sample 5, a defleshed pig sample heated to 400°C. During this heating step, a large amount of surface residue flaked off the stainless steel bowl. The interaction of these flakes with the pig bone produced a metallic blue color, present on top of the otherwise black/charred bone sample (Fig. 1D) . Subsequent heating rounds produced much less flaking, and the fleshed pig sample heated to 400°C charred the soft tissue and turned the bones uniformly black (i.e., no contamination/discoloration). Heating the wet bones to 600°C (samples 2 and 6) destroyed almost all the soft tissue and turned the bones into various shades of gray, ranging from dark gray to almost white (Fig. 1B) . Heating the wet bones to 800°C and 1000°C (samples 3, 4, 7, and 8) completely disintegrated the soft tissue and fragmented the bones, which turned white. For the dry human bones, heating to 400 and 600°C (samples 9 and 10) produced almost no visible color change, although the part of sample 9 that was in contact with the steel bowl turned black. The dry human bones heated to 800 and 1000°C (samples 11 and 12) became somewhat lighter.
Munsell color values for all samples are shown in Table S1 , together with the details of the heating procedures. All heated samples displayed some weight loss, in particular the fleshed samples (as expected). Weight loss and shrinking are well-documented effects of bone heating (7, 10, 36) , and will not be further discussed here.
The elemental composition of some of the samples was determined with a hand-held portable XRF unit. Sample number 5, which displayed the metallic blue discoloration (Fig. 1D) , showed elevated levels of Cu, Cr, Fe, and Mn (Fig. 2) . These are precisely the elements that make up the stainless steel alloy of the bowl used in the heating procedure (it was found to consist of 84.1% Fe, 10.6% Mn, 4.9% Cr, and 0.4% Cu). A pXRF analysis of the non-contaminated sample 2 showed that small amounts of Cu, Fe, and Zn are naturally present as trace elements in the bones, in addition to the dominating amount of calcium originating from the bone apatite (Fig. 2) .
Statistical Color Analysis
The SCI/L*a*b* color values measured for the different bone samples were plotted in a 3D graph that turned out to be quite informative (Figs. 3 and S14) . The color values for the dry bone and the wet bone samples are very well separated, and a simple linear discriminant function was able to classify the heated bone samples into wet or dry with 100% accuracy (data not shown). The wet samples heated to, respectively, 400, 600, 800, and 1000°C form relatively well-separated clusters, with only minor color differences for fleshed/defleshed and trabecular/cortical bone samples. For the dry bones, it is more difficult to distinguish well-defined clusters (Figs. 3 and S14) .
The sample groups that form well-defined clusters in Fig. 3 also produce the most accurate temperature predictions with the regression analysis. These temperature predictions were carried out using two approaches: traditional linear regression and a slightly more sophisticated k-NN machine learning approach. For the wet sample, the median for the mean absolute error (MAE) of prediction is 47.5°C with linear regression, but merely 20.9°C with the k-NN model (Table 1 and Fig. 4) . The prediction errors are larger for the dry sample, with MAE medians of 92.3°C with linear regression and 80.0°C with the k-NN model. As expected, the prediction errors for the combined sample are in between those of the wet and the dry samples, i.e., MAE medians of 72.2°C with linear regression and 41.6°C with k-NN (Table 1 and Fig. 4) . The samples heated to 1000°C are the easiest to predict, with median MAE errors of 21.9°C with the k-NN method and 48.7°C with the linear method ( Table 2 ). The bones heated to 600°C and 800°C display the largest prediction errors for both regression methods (Table 2) , which is in line with the color values for samples heated to these two temperatures showing less well-defined clusters in Fig. 3 .
Discussion
Using the k-NN regression model, temperature predictions with relatively small median MAE prediction errors (Table 1 , Fig. 4) were obtained for both the entire sample (41.6°C) and the subsample of wet bones (20.9°C). These are very promising results, strongly suggesting that color measurements can be used for reliable estimation of maximum bone heating temperature. Because the approach presented here allows the prediction errors to be calculated (Table 1, Fig. 4) , it would likely pass the Daubert standard (37, 38) and could thus be useful in applied forensics work, which most likely will continue to involve identification and analysis of burnt bone or contested cremains (13, 28, 30, 39-41) . Future work using a larger sample should be able to better establish the accuracy of color-based temperature estimates, which appear to perform better than, e.g., bone crystallinity measurements, where the major changes occur around 500-700°C and where no changes to the crystal structure appear beyond 800°C (20, 42) . The upper temperature limit where bone color changes no longer are induced still remains to be determined.
To facilitate future work on color analysis of heat-exposed bones, a number of comparisons were carried out in this smallsample pilot study. The k-NN approach clearly performed better than the traditional linear regression model for every sample and subsample, although the difference is smaller for the smallest sample sizes (Table 1, Fig. 4) . A more advanced machine learning algorithm than k-NN might perform even better, especially if a large sample database is available.
The L*a*b* color values recorded for the heated wet pig bones and the heated dry archaeological human bones were very different (Fig. 3) , and discriminant analysis was able to predict with 100% accuracy which group a given bone belonged to. As previous work has shown that bones from different mammal species respond similarly to thermal alteration (7), the primary reason for the observed color differences is likely the wet/dry starting condition, even though some small soil-induced discoloration to the archaeological bones cannot be ruled out. The main conclusion from this comparison is arguably that color data for heated wet and heated dry bones should not be combined. Because dry bones are not commonly involved in fire scenarios, forensic research should focus on investigating heat-exposed wet bones.
Comparisons were made also between fleshed and defleshed pig bones, and between color readings from cortical and trabecular pig bone. Relatively small differences in color values were (Fig. 3) , which could not be statistically investigated here due to the small sample size. Future studies with a larger sample will likely be able to clarify the importance of these parameters. The amount of soft tissue present has been reported to influence the bone crystallinity after burning (24) , and a similar effect on bone color is not impossible. Further topics to investigate include color analysis of burnt teeth and heat-exposure scenarios outside laboratory conditions (43) (44) (45) (46) (47) . Some limitations to the proposed method should be mentioned. Because of the numerous factors that may affect the color of burnt bone, earlier researchers have refrained from using color for temperature estimations. Factors such as burning time (22) and the amount of soft tissue present (24) may affect the color, but this can likely be controlled for by creating reference samples with different burning times and soft tissue amounts. The amount of available oxygen is known to influence the color (22, 23) , but most forensic burning scenarios arguably involve reasonably good ventilation, i.e., oxidizing conditions. Reference samples of bone burnt under reducing conditions should, however, be created and studied. Chemical analysis might be able to reveal if bones have been heat-exposed under oxidizing or reducing conditions. Metals and other contaminants (including soil) have the capacity to modify bone color (2, 10, 22, 25) , but such contamination is much more likely to happen after rather than during burning. Thus, color contamination will certainly be a problem for color measurements from buried human remains, but perhaps not for fresh forensic cases. In those cases where freshly burnt bones have been in contact with possible contaminants-for example personal jewelry-chemical analysis such as the pXRF measurements carried out here (Fig. 2) should be able to reveal if foreign elements are present. Recent studies have demonstrated that pXRF analysis can be used to relatively accurately quantify concentrations of trace elements including heavy metals such as lead in human and animal bones (48, 49) . As portable XRF units are easy to bring to the field, it can be expected that various forensic uses will be developed for this non-destructive technique in the near future (48) . Screening for chemical contamination may be one such use.
Conclusion
The results of this small-sample pilot study indicate that machine-learning algorithms can be used to estimate rather accurate heating temperatures from digital color measurements of bone surfaces, especially for fresh forensic cases where the bones have not spent long time in the ground, and provided that the color readings are combined with chemical analysis to verify that the bone surfaces are free from color-altering contamination.
TABLE 2--Median values for the mean absolute error (MAE) after 1000 rounds of temperature prediction, listed by sample temperature, and computed using color readings from both wet and dry bones (n = 78) using two different regression models. 
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Additional Supporting Information may be found in the online version of this article: Table S1 . Sample properties Figure S1 . Sample 1 (pig bone with flesh, 400°C). Figure S2 . Sample 2 (pig bone with flesh, 600°C). Figure S3 . Sample 3 (pig bone with flesh, 800°C). Figure S4 . Sample 4 (pig bone with flesh, 1000°C). Figure S5 . Sample 5 (defleshed pig bone, 400°C). Figure S6 . Sample 6 (defleshed pig bone, 600°C). Figure S7 . Sample 7 (defleshed pig bone, 800°C). Figure S8 . Sample 8 (defleshed pig bone, 1000°C). Figure S9 . Sample 9 (dry human bone, 400°C). Figure S10 . Sample 10 (dry human bone, 600°C). Figure S11 . Sample 11 (dry human bone, 800°C). Figure S12 . Sample 12 (dry human bone, 1000°C). Figure S13 . Samples 13 (pig, defleshed) and 14 (dry human bone). Figure S14 . 3D plot of the SCI/L*a*b* color values.
